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Abstract 

The aim of this research is to examine whether seasonal patterns in the Commodity Dow Jone 

index changed after the start of the Ukranian war. The author is particularly focused on examining 

whether a February effect can be spotted after the onset of the war. The author also examines the 

pre- and after- war period to examine whether and how the overall patterns in the index changed as 

a result of the war. 
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Introduction 

Seasonality can be defined as a recurring pattern of prices doing up or down at a 

particular month each year due to the events that happen occasionally through this 

month. Prices in this month significantly differ from prices during the year. When the 

month passes, they return to their normal levels. The seasonality is a short-term event 

that does not affect prices in the long-term. Seasonality can be monthly, weekly, daily. 

Li and Zhang (Li et. al., 2018) do cross-sectional research of 21 advanced economies 

and 21 emerging markets. They conclude that in the emerging markets seasonality is 

not exhibited, while the advanced markets exhibit seasonality. The seasonal effects, 

however, are too diversified to be summarized in one group. An advanced market can 

have January, February effects, etc. It depends on the stock exchange. The research of 

Norvaisiene (Norvaisien et. al., 2015) examines the presences of Halloween effect and 

other monthly effects in Estonia (Nasdaq OMX Tallinn), Latvia (Nasdaq OMX Riga) 

and Litva (Nasdaq OMX Vilnius) in the period 2003-2014. As monthly effect they de-

fine the statistically significant changes in the prices of the indices during the respective 

month. The seasonality in October is called Halloween effect.  

Their results show that the Estonian stock exchange has a January effect when the 

returns are higher than the rest of the months. Also, a Halloween effect is a present as 

in October the returns are significantly lower than in the rest of the year. In Latvia 

(Nasdaq OMX Riga), however, no monthly seasonality is present. Litva, on the other 

hand, exhibits January effect with higher returns. Similar monthly effects are present 

in August, when the returns are higher than in other months but lower than in January. 
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In Lithuania seasonality is present dragging prices down. October has statistically sig-

nificant monthly effect. The research (Norvaisien et. al., 2015) also shows that in all 

three Baltic countries the ‘winter’ period (November-April) exhibits higher returns that 

the ‘summer’ months (May- October). 

Benjamin and Auer (Benjamin & Auer, 2014) test for daily seasonality in crude oil 

returns and volatilities. They find that on Mondays the crude oil returns are significantly 

lower than in the rest of the week, while the Monday volatilities are significantly higher 

than in the rest of the week. Qadan (Qadan M. & Idilbi-Bayaa, 2021) finds Monday 

and Friday effects in 30-day implied volatility of oil (OVX), gold (GVZ), silver 

(VXSLV) and the securities of companies from the energy sector (VXXLE). Mondays 

are associated with increased volatility, while Fridays with a decline. Zhang (Zhang et. 

al., 2017) finds Monday effect in SZC1, DOW, MERVAL, WIG20, FTSEMIB and STI 

index. Tuesday effect is present in SPX, SPXT. According to their research (Zhang et. 

al., 2017) Wednesday effect is present in MEXBOL, JCI, DAX, SMI, AS51, NKY and 

NZSE50FG. Thursday effects are present in SMEC, PX and PCOMP. Friday effect is 

present in IBOV, IPSA, RTSI$, XU100, SENSEX, FBMKLCI, IBEX, and HSI index.  

Among the most common methods for seasonality detection are regression and time 

series analysis. Regression models include OLS dummy regression (Norvaisien et. al., 

2015), where dummy variables for each month are included. Statistically significant 

coefficient means presence of a month effect (Norvaisien et. al., 2015). ARIMA is also 

often used to model seasonality (Zhao et. al., 2022), (Ning et. al., 2022), (Thakkar, 

2020), (Bhandari et. al., 2022). ARIMA models are time-series models that can be of 

order p,d,q. The order of the model shows if differenced data have been used, how 

many periods were used for differencing, periods of seasonality and the order of inte-

gration of the model. ARIMA models, however, are not so flexible and in some cases, 

are hard to interpret. In recent years, machine learning (ML) has also been applied to 

model seasonality and predict stock market indices (Fischer & Krauss, 2018), (Patel et. 

al., 2015). Long-short-term memory models (LSTM) are a ML tool to handle season-

ality (Cristofaro et. al., 2021), (Kobiela et. al., 2022), (Li & Li, 2023). They are more 

flexible than ARIMA models and allow handling long and short-term seasonality 

((Kobiela et. al., 2022).  

Another popular tool to tackle seasonality and make stock market predictions is the 

Python and R library – PROPHET (Quick Start | Prophet (facebook.github.io). This a 

novel library available in R and Python focused on time series predictions. Some au-

thors have used it to build hybrid models combining the PROPHET library and ML 

algorithms (Guo et. al., 2021), (Borges, Nascimento, 2022). Ning et. al. (Ning et. al., 

2022), makes comparison among ARIMA, LTSM and PROPHET to model oil prices. 

They come to the conclusion that ARIMA and LTSM predict better oil prices but the 

PROPHET models capture better fluctuations coming from seasonality. Ensafi (Ensafi 

et. al., 2022) showed that Convolutional Networks (CNN) and the Prophet models can 

be applied to predict the future behaviour of seasonal data. Other authors (Rick & Ber-

ton, 2022) argue that the Prophet models may require training n models, which may not 

https://facebook.github.io/prophet/docs/quick_start.html
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be applicable to all kinds of data. This may make the Prophet models unfeasible for 

seasonality modelling in some cases. 

Our research focuses on the dummy OLS regression (Norvaisien et. al., 2015) in 

order to test the Commodity Dow Jones Index for the presence of monthly effects be-

fore and after the Ukrainian war. Also, to examine if the index is characterized by 

monthly effects regardless of the Ukrainian war. Next sections comments on the meth-

odology we use. Sections 3 and 4 comment on the results. Section 5 concludes. 

Materials and Methods 

Data Preparation 

We use data about the Dow Jones Commodity Index taken by (https://www.spglobal. 

com/spdji/en/indices/commodities/dow-jones-commodity-index/#overview). Figure 1 

presents the commodities that form the Commodity Dow Jones Index (https://www. 

spglobal.com/spdji/en/indices/commodities/dow-jones-commodity-index/#overview). 

Source: https://www.spglobal.com/spdji/en/indices/commodities/dow-jones-commodity-

index/#overview 

Fig. 1. Components of the Commodity Dow Jones Index 

https://www.spglobal.com/spdji/en/indices/commodities/dow-jones-commodity-index/#overview
https://www.spglobal.com/spdji/en/indices/commodities/dow-jones-commodity-index/#overview
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Each component has attributed weight based on which its importance in the Com-

modity Dow Jones Index is ranked. The components and their weights are combined 

together using a formula described in (https://www.spglobal.com/spdji/en/indices/ 

commodities/dow-jones-commodity-index/#overview) so that one index is formed. In 

this research we use the final index, which is the called the Commodity Dow Jones 

Index. This study does not include any other component of the Commodity Dow Jones 

Index. 

The observations included in the research are on a daily basis. They are non-station-

ary. We convert the prices to returns using the natural logarithm to get stationary data. 

Then, a new dataset is produced using the ln return (Rti)of at the last day of each month. 

The tested period is January 2013- January 2023. The ln return (Rti) marks the the return 

of the Commodity Dow Jones index at a given month and year. 

We build three models in order to test the Commodity Dow Jones Index for seasonality. 

Model 1: OLS Dummy Regression to check for seasonality regardless  

of the Ukraine war 

We build a model similar to (Norvaisien et. al., 2015) that aims at checking if the 

Commodity Dow Jones Index is characterized by seasonality between January 2013 

and January 2023. This model is not adjusted for the start of the Ukrainian war, nor any 

other shocks that may have occurred during the period. It checks for monthly effects 

that are present in the data regardless of any shocks. 

Model 1 contains twelve dummy independent variables corresponding to each 

month in the year. The dependent y variable is the ln returns of the Commodity Dow 

Jones Index (Rit). 

Model 1: 

 

Rit = β1iD1 + β2iD2 + β3iD3 + β4iD4 + β5iD5 + β6iD6 + β7iD7 + β8iD8 +  

+β9iD9 + β10iD10 + β11iD11 + β12iD12 + ε  (1) 

 

Where Rit is the monthly return of each index. D1 through D12 are dummies for each 

month of the year. When D1 equals 1, monthly returns increase in January. If it equals 

0, monthly returns increase in any other calendar month of the year. The same applies 

for D2 to D10. The βis are coefficients estimated from the regression equation for each 

month. εt is the error term (Norvaisien et. al., 2015).  

Models 2 and 3 check for seasonality in the returns of the Commodity Dow Jones 

Index before and after the war. They consist of one-year period before and after the war. 

February 2022 is used as a breaking point as this is the month when the war started. We 

took a period of one year before and after, as the after period has this length. Model 2 

applies model 1 to the pre-war period (March 2021- February 2022).  
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Model 2: Seasonality checks one year before the Ukraine war 

(March 2021 – February 2022) 

Rit = β0 + βiFebruary + εt (2) 

Where Rit is the monthly return of the Commodity Dow Jones Index. The term βi is 

a dummy variable that equals 1 for February returns and 0 for other months’ returns. 

The coefficient βi designates the presence or lack of February effect. The term βi*Feb-

ruary represents the difference between mean monthly returns during February over 

mean monthly returns of the other eleven months (Norvaisien et. al., 2015). The pres-

ence of February effect is then represented by a positive and statistically significant 

βiFebruary. The coefficient β0 represents the mean monthly returns of the remaining 

eleven months. This model is applied to the period March 2021- February 2022. 

Model 3 reapplies model 2 to the after-war period (February 2022 – January 2023). 

Model 3: Seasonality checks one year after the Ukraine war 

Rit = β0 + βiFebruary + εt (3) 

Where Rit is the monthly return of the Commodity Dow Jones Index. The term βi is 

a dummy variable that equals 1 for February returns and 0 for other months’ returns. 

The coefficient βi designates the presence or lack of February effect. The term βi*Feb-

ruary represents the difference between mean monthly returns during February over 

mean monthly returns of the other eleven months (Norvaisien et. al., 2015). The pres-

ence of February effect is then represented by a positive and statistically significant 

βiFebruary. The coefficient β0 represents the mean monthly returns of the remaining 

eleven months. 

As the war started in February 2022, it might be expected to cause disruptions in the 

Dow Jones Commodity Index that can have long-term effects. We build an additional 

model following (Girardin & Namin, 2019). Model 4 checks for statistically significant 

February effect. 

Model 4: Additional check for February effect in the Commodity Dow Jones Index 

We investigate whether the February mean returns are significantly higher than the 

returns of the other eleven months for the whole period. To do that, we evaluate a re-

gression equation similar to (Norvaisien et. al., 2015): 

Rit = β0 + βiFebruary + εt (4) 

Where Rit is the monthly return of the Commodity Dow Jones Index. The term βi is 

a dummy variable that equals 1 for February returns and 0 for other months’ returns. 

The coefficient βi designates the presence or lack of February effect. The term 
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βi*February represents the difference between mean monthly returns during February 

over mean monthly returns of the other eleven months (Norvaisien et. al., 2015). The 

presence of February effect is then represented by a positive and statistically significant 

βiFebruary. The coefficient β0 represents the mean monthly returns o f the remaining 

eleven months. 

The four models study at a greater depth the characteristics of the Dow Jones Com-

modity Index for the first time, allowing insights into its seasonal nature before, after 

and regardless of the Ukraine war. Therefore, we present a methodology to examine 

the spill-over effects of the Ukraine war on the commodity futures markets. 

Next section comments on the results. 

Results 

Model 1: checks for monthly effects regardless of the Ukraine war 

The first model includes the whole sample January 2013 – January 2023. It checks 

for monthly effects in the Commodity Dow Jones Index that are part of the natural cycle 

of the index. As the research focus is on the returns from the index, the expected results 

would be that returns in some months would be higher than the rest of the year, and 

lower in other months as many market indices exhibit these patters (Norvaisiene et. al., 

2015), (Girardin & Namin, 2019). 

Table 1. General Seasonal Model for the Commodity Dow Jones Index  

(January 2013 – January 2023) 

 Coef Std err t P>|t| 0.025 [0.975] 

Intercept 0.01 0.05 0.31 0.76 -0.08 0.11 

Jan -0.02 0.05 -0.49 0.63 -0.12 0.07 

Feb 0.00 0.05 0.06 0.95 -0.09 0.10 

March -0.04 0.05 -0.84 0.41 -0.14 0.06 

April -0.02 0.05 -0.40 0.69 -0.12 0.08 

May -0.01 0.05 -0.23 0.82 -0.11 0.09 

June 0.00 0.05 0.04 0.97 -0.09 0.10 

July -0.02 0.05 -0.32 0.75 -0.11 0.08 

August -0.01 0.05 -0.12 0.91 -0.10 0.09 

Sep -0.02 0.05 -0.50 0.62 -0.12 0.07 

Oct -0.01 0.05 -0.17 0.87 -0.10 0.09 

Nov -0.02 0.05 -0.39 0.70 -0.12 0.08 

Dec -0.02 0.05 -0.42 0.68 -0.12 0.08 

Source: author’s calculations 
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Table 1 shows that seasonality is not typical for the Commodity Dow Jones Index. 

Unlike stock returns (Norvaisiene et. al., 2015), (Girardin & Namin, 2019), the returns 

from the Commodity Dow Jones Index do not tend to fluctuate with monthly events. 

The monthly p-values are statistically insignificant at the 1%, 5% and 10% significance 

levels. The month of February is not an exception. Therefore, monthly seasonality is 

not typical for the Commodity Dow Jones returns between January 2013 and January 

2023. This does not mean that the returns do not exhibit cyclic patterns. Rather the 

finding means that repetitive patterns that occur each year at a particular month and 

affect the average returns are not typical for the Commodity Dow Jones index. 

Model 1 shows that no monthly seasonality affects the returns from the Commodity 

Dow Jones Index for the past ten years. As the Ukraine war started in February 2022 

and model 1 detected no seasonality in February, models 2 and 3 check if February 

2022 can be considered a breaking point where the trend for no seasonality is reversed. 

Models 2 and 3 check if February 2022 has statistically significant effect on the 

monthly returns before and after the start of the Ukraine war and what the size of this 

effect is. 

Model 2: Checks one year before the start of the Ukraine war 

Table 2 shows the results from model 2, where the sample starts from March 2021 

and ends in February 2022. 

Table 2. Is February 2022 a Breaking Point in Returns Patterns? 

coef Std err t P>|t| [0.025 0.975] 

Intercept -0.027 0.013 -2.041 0.069 -0.057 0.002 

February 

2022 -0.042 0.046 -0.916 0.381 -0.144 0.06 

Source: authors’ calculations 

As table 2 shows during the period March 2021 – February 2022, February does not 

affect the average Commodity Dow Jones Index returns (p-val. 0.381) as there is sta-

tistical insignificance. This result is not surprising as February 2022 is considered to an 

ending point of the previous period. A breaking point would be expected to change the 

future pattern rather than the past pattern. 

Model 3: checks one year after the start of the Ukraine war 

Table 3 shows the output from model 3, where the statistical significance of Febru-

ary 2022 is examined in the period February 2022 – January 2023. 
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Table 3. Output in the period February 2022 – January 2023 

  coef Std err t P>|t| [0.025 0.975] 

Intercept 0.0149 0.013 1.128 0.286 -0.015 0.044 

Feb-22 -0.084 0.046 -1.831 0.097 -0.186 0.018 

Source: authors’ calculations 

 

In the period February 2022 – January 2023, the month of February 2022 has statis-

tically significant effects (p val – 0.97) on the Commodity Dow Jones Index returns.  

This means that the patterns till February 2022 changed when the war started. Feb-

ruary effect appeared in 2022 and affected the average returns of the Commodity Dow 

Jones Index negatively. One percent increase in the February 2022 returns would lead 

to a decrease of 8.4% in the average Commodity Dow Jones Index in the period Feb-

ruary 2022 – January 2023. Therefore, the month of February 2022 can be considered 

a breaking point in the average Commodity Dow Jones Index returns. The question is 

whether this breaking point has only short-term effects or long-term effects that change the 

seasonality patters by inserting a February effect. Model 4 tries to answer this question. 

Model 4: Additional check for February effect in the Commodity Dow Jones Index 

Model 4 follows the same methodology as models 2 and 3 but it includes February 

2023. This is done to check if the statistical significance from model 3 is kept when 

February 2023 is added in the model. If this is the case, then long-term change in sea-

sonality patterns of the index can be proved. Model 4 contains the period between Jan-

uary 2013 and February 2023. Table 4 presents the results. 

Table 4. Output from Model 4: Checks for February effect January 2013 – February 2023 

  coef std err t P>|t| [0.025 0.975] 

Intercept 0.00 0.00 -0.62 0.54 -0.01 0.01 

February  

effect 0.02 0.02 1.32 0.19 -0.01 0.05 

Source: authors’ calculations 

 

Table 4 confirms that when February 2023 is added to the ten-year dataset, the sta-

tistical significance of the February effect is not present. Therefore, when adding Feb-

ruary 2023, there is no February effect as it was in model 1. Model 1 shows that for the 

ten-year period between January 2013 and January 2023, no monthly effects are present, 

incl. February effect. When February 2023 is added, the lack of February effect is con-

firmed by model 4. However, model 3 confirms the presence of February effect in the 

period February 2022 – January 2023. 
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Discussion 

In this research we examine the question of the Ukraine war can affect seasonal 

patterns in the Commodity Dow Jones Index. Our findings can be summarized in sev-

eral directions. 

- First, February 2022 is a breaking point for the average Commodity Dow Jones

returns. This is confirmed by models 1-3. Therefore, the Ukraine war can be con-

sidered an event that affected the Commodity Dow Jones Index statistically sig-

nificant. This is another aspect of the war’s consequences.

- Second, the Ukraine war is an event that affects the Commodity Dow Jones re-

turns in the short term as the February effect is statistically significant only in the

period February 2022 – January 2023 (model/ table 3).

- Third, in the period January 2013 – February 2023, there is no February effect.

Therefore, the Ukraine war does not change the seasonality pattern of the Com-

modity Dow Jones returns in the long-term. The February effect in model 3 has

a temporary short-term effects on the returns, so the February effect is not a

change in the seasonality pattern as it is present only in one of the examined

periods. The statistically significant February effect in table 3 is actually a shock

to the Commodity Dow Jones returns.

- Lastly, table 1 shows that monthly effects are not typical for the Commodity Dow

Jones between January 2013 and January 2023, so it is not surprising that the

February effect could not be detected by the models. Ukraine war is a shock that

does not change the returns long-term patterns.

Conclusion 

This research proposes a deeper insight into the effects from the Ukraine war on the 

commodity markets through the Commodity Dow Jones Index. Unlike many authors 

citing the irreversible effects of the war on the crops, commodity markets, environment, 

economies and casualties, this research shows that the Commodity Dow Jones Index is 

more resilient than previously thought. The Ukraine war affects the index in the short term, 

and it does not introduce seasonality in the form of February effect. In fact, the statistically 

significant February 2022 effect is not present in the period January 2013 – February 2023, 

which means the effects of February 2022 start of the war have already been overcome. So, 

no change in the long-term seasonal patterns of the returns can be detected. 
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